Biology is increasingly becoming a data-intensive science with the recent progress of the omics fields, e.g. genomics, transcriptomics, proteomics and metabolomics. The species-metabolite relationship database, KNApSAcK Core, has been widely utilized and cited in metabolomics research, and chronological analysis of that research work has helped to reveal recent trends in metabolomics research. To meet the needs of these trends, the KNApSAcK database has been extended by incorporating a secondary metabolic pathway database called Motorcycle DB. We examined the enzyme sequence diversity related to secondary metabolism by means of batch-learning self-organizing maps (BL-SOMs). Initially, we constructed a map by using a big data matrix consisting of the frequencies of all possible dipeptides in the protein sequence segments of plants and bacteria. The enzyme sequence diversity of the secondary metabolic pathways was examined by identifying clusters of segments associated with certain enzyme groups in the resulting map. The extent of diversity of 15 secondary metabolic enzyme groups is discussed. Data-intensive approaches such as BL-SOM applied to big data matrices are needed for systematizing protein sequences. Handling big data has become an inevitable part of biology.
Introduction
Sciences such as biology (Pennisi 2005 , Aronova et al. 2010 , Ranganathan et al. 2011 , Thessen and Patterson 2011 , Birney 2012 , Callebaut 2012 , Liu et al. 2012 , as well as modern astronomy (Raddick and Szalay 2010) , ecology (Hochachka 2011, Michener and Jones 2012) and the social sciences (Schadt 2012) , are becoming increasingly data intensive because the amount of open-access data has increased dramatically. Dataintensive or data-driven discovery in biology requires a large open pool of data across the full breadth of the life sciences, and access to the pool will invite 'new' logic, strategies and tools for discovering new trends, associations, discontinuities and exceptions that reveal aspects of the underlying biology (Pennisi 2005 , Thessen and Patterson 2011 , Callebaut 2012 . Big data biology, a data-intensive discipline, has come to the fore with the rapid increase of omics data produced by genomics, transcriptomics, proteomics and metabolomics (Pennisi 2005 , Aronova et al. 2010 , Ranganathan 2011 , Thessen and Patterson 2011 , Birney 2012 , Callebaut 2012 , Liu et al. 2012 . A database (DB) describing the relationships between species and their metabolites is essential for metabolomics research because it helps in the systematic analysis of enormous numbers of metabolites with known or unknown structures in targeted and non-targeted metabolomics research.
Research in metabolomics requires handling a large variety of chemical compounds that are generally detected as peaks by chromatography-mass spectrometry (MS). The number of secondary metabolites produced by plants on Earth has been estimated to be within the range 200,000-1,000,000 , and a recent publication on the KNApSAcK Core DB projected the number of secondary metabolites as 1,060,000 (Afendi et al. 2012b ). The extent of metabolomics research includes systematization and construction of metabolome DBs comprising metabolites and their quantities for dynamic conditions in plants. These have progressed in several projects, such as the species-metabolite relationship DBs KNApSAcK (Afendi et al. 2012b) , KEGG (Goto et al. 2002) , KaPPA-View 4 (Sakurai et al. 2010) and PRIMe (Akiyama et al. 2008) .
Publications that cite those DBs provide clues for a potential research orientation in metabolomics and for extending the developing DBs. Therefore, to identify trends in metabolomics research, we chronologically analyze the papers that cite the KNApSAcK DB. Together with the species-metabolite relationship DB, we also need enzyme DBs comprising secondary metabolic reactions and enzyme peptide sequences in order to model and predict reaction systems. We have therefore developed an enzyme reaction DB called Motorcycle DB containing reactions and enzyme peptide sequences based on experimental evidence, focusing on secondary metabolic reactions (http://kanaya.naist.jp/motorcycle/top2.html). Toward data-intensive analysis, we conduct a batch-learning self-organizing map (BL-SOM) to understand comprehensively the characteristics of secondary metabolic enzymes based on a huge data set of peptide sequences. The SOM has been used for visualizing multidimensional data as a two-dimensional (2D) planar diffusion map and for interpreting very large data sets (Kohonen 1990 ). Furthermore, BL-SOM has two advantages, namely that the learning process of the SOM is independent of the order of the input vector, and the initial weight vectors are initialized by principal component analysis (PCA) (Kanaya et al. 2001 ). The maps constructed by BL-SOM are reproducible on an identical data set and they have therefore been extensively applied to huge biological data sets (e.g. Kanaya et al. 2001 , Abe et al. 2003 , Hirai et al. 2004 , Abe et al. 2009 , Uehara et al. 2011 .
In the present study, we introduce the current status of metabolomics involving the KNApSAcK Core DB and the peptide sequence-metabolic reaction relationship DB (KNApSAcK Motorcycle DB), and systematically characterize enzymes involved in the biosynthesis of terpenoids, alkaloids, flavonoids, including isoflavonoids and cytochrome P450s (CYPs) based on BL-SOM.
Results and Discussion
Current status of metabolomics research using the KNApSAcK Core DB
The metabolomics of plants is a rapidly developing research field (Binoa 2004 , Macel et al. 2010 , and references cited in Table 1 ), having the goal of achieving a holistic understanding of plant function and health care, including the activity of medicinal plants, as well as the interaction between plants and their environment (Verpoorte et al. 2005 , Shyur and Yang 2008 , Okada et al. 2010 , Afendi et al. 2012a , Afendi et al. 2012b . This is an important topic in systems biological studies of the interactions between plants and humans, which is included in the area of interest of big data biology (Pennisi 2005 , Aronova et al. 2010 , Ranganathan et al. 2011 , Thessen and Patterson 2011 , Birney 2012 , Callebaut 2012 , Liu et al. 2012 . To facilitate access to metabolite information obtained from analytical techniques, we have developed the KNApSAcK Core DB containing 103,080 species-metabolite relationships encompassing 21,129 species and 49,777 metabolites (Afendi et al. 2012b ). The KNApSAcK Core DB has been utilized for diverse purposes in metabolomics studies, including the identification of metabolites ('Exp' in Table 1 ), construction of integrated databases ('DB') and bioinformatics and systems biology ('Bioinfo'); the DB has been cited in at least 111 papers, which are listed in Table 1 .
In the period 2006-2008, many review papers ('Review' in Table 1 ) discussed metabolomics platforms that integrate MS and metabolite DBs, including KNApSAcK Core, and metabolome research focused on the model plant Arabidopsis thaliana. DBs for retrieving information on metabolites, including both their chemical and biological properties, were expected to play a key role in bridging chemistry and biology (Kikuchi and Kakeya 2006) .
In 2009, the application of KNApSAcK Core DB to metabolome studies was extended from the model species to other species such as the crops Brassica oleracea, Glycine max and Oryza sativa, and the medicinal plants Ephedra sp., Angelica acutiloba and Curcuma longa. It was also used in engineering studies such as in the quality assessment of plants. Peak annotation methods used in MS were proposed for bioinformatics from the KNApSAcK Core DB.
In the period 2010-2013, the KNApSAcK Core DB was further extensively used in genetics such as determination of quantitative trait loci (QTLs), and in explanations of speciesspecies relationships by metabolites, in ecological subjects and in stress responses. This indicates that metabolomics research using the DB has also been highlighted in the research concerning more complex fields, such as understanding species-species relationships based on secondary metabolites and the prediction of secondary metabolic pathways.
KNApSAcK Motorcycle DB: peptide sequence-metabolic reaction relationship DB For the detection of metabolic pathways based on enzyme reactions and the prediction of reactions by peptide sequences, it is necessary to extend the species-metabolite relationship DB by incorporating a secondary metabolic pathway DB. We surveyed reactions of secondary metabolites in the scientific literature, and amino acid sequences involved in secondary metabolism were obtained from public DBs in PubMed.gov (http://www.ncbi.nlm.nih.gov/pubmed). All data were accumulated in the KNApSAcK Motorcycle DB (http://kanaya. naist.jp/motorcycle/top2.html) comprising 2,421 secondary metabolic reactions. As shown in the main window of the KNApSAcK Motorcycle DB (Fig. 1A) , enzyme reactions can be retrieved using keywords of the enzymes, species, genes, metabolites and peptide sequences obtained from a BLASTP search. In the metabolite search using its keywords, we obtain information on enzyme name, reaction equation, compound class (C-class in Fig. 1 ) and subclass (C-subclass) of metabolic reactions and reaction mechanisms (Fig. 1B) . In the BLASTP search, we can comprehensively predict reaction equations for a targeted peptide sequence using information on the class and subclass of metabolic pathways (Fig. 1C) . Thus, the Motorcycle DB makes it possible to predict enzyme reactions based on the class and subclass of metabolic reactions evidenced by experiments mentioned in the scientific literature. These are the main differences when compared with KEGG and BioCyc (Caspi et al. 2012) .
Data-intensive analysis of peptide sequences based on BL-SOM
We attempted to examine the diversity of secondary metabolic enzyme groups by using data sets such as the Non-Redundant Protein Sequences of PlantGDB (http://www.plantgdb.org/ download/download.php/), the clusters of orthologous groups (COGs; http://www.ncbi.nlm.nih.gov/COG/) and the KNApSAcK Motorcycle DB. Initially, we made a BL-SOM arranged on a 2D grid of lattice points that reflects the diversity of proteins based on dipeptide frequency and assessed the diversity of enzymes involved in the secondary metabolic pathways of terpenoids, alkaloids, flavonoids and CYP enzymes. The SOM is an unsupervised clustering algorithm developed by Kohonen that enables us to interpret efficiently the clustering of a huge data set represented by higher dimensional vectors projected onto a 2D space (Kohonen 1990 , Kohonen et al. 1996 . Ferran et al. (1994) systematized proteins by both function and higher order structures with no advance knowledge during construction of the SOM by using dipeptide compositions in 2,000 human proteins stored in the Swiss-Prot dbe. Abe et al. (2009) successfully systematized functions of proteins based on oligopeptide frequency data extracted from fragments of 83,962 proteins by BL-SOM. These were classified into 2,853 function-known groups annotated by the NCBI group into a 2D SOM and used to predict functions of proteins from the metagenome. It can be interpreted from those results that functional motifs and three-dimensional (3D) structure are reflected in the oligopeptide frequencies, and functionally related proteins were clustered onto the 2D lattice points of the SOM. Thus, BL-SOM has the potential for systematizing proteins using data comprising dipeptide frequencies. The BL-SOM is an alignment-free method and predicts functions of the increasingly vast quantity of unknown function proteins derived from less characterized genomes (Abe et al. 2009 ). We obtained protein sequences (596,974 protein sequences of 59,165 plant species and 124,292 protein sequences of 66 bacterial species) from the Non-Redundant Protein Sequences of PlantGDB and COGs. To understand the diversity of enzymes involved in secondary metabolism, we initially arranged the SOM on a 900 Â 473 lattice grid, reflecting the diversity of proteins based on 400 dimensional dipeptide frequencies of the 4,892,003 200-peptide fragments obtained by splitting 721,266 protein sequences (details described in the Materials and Methods). Here, 400 corresponds to the total number of combinations of pairs of the 20 amino acids. Then, we assessed the diversity of enzymes involved in secondary metabolic pathways of terpenoids, alkaloids, flavonoids and CYP enzymes.
Terpenes are the largest group of plant natural products, with a variety of core chemical structures comprising at least 30,000 compounds (Connolly and Hill 1991) . Terpene diversity is caused by the large number of different terpene synthases used in the first step of terpene synthesis, and some terpene synthases produce multiple products (Degenhardt et al. 2009 ). Terpene synthases are generally classified according to the number of carbons in their substrates, i.e. geranyl diphosphate (C10, GPP) for monoterpene synthases, farnesyl diphosphate (C15, FPP) for sesquiterpene synthases, geranylgeranyl diphosphate (C20, GGPP) for diterpene synthases and squalene for triterpene synthases (C30). Fig. 2B shows the fragment distribution of terpene synthases, which are mainly clustered in the six regions t1-t6. Fig. 2A shows the histogram of these in four terpene synthases. It is noted that three types of terpene synthases, with the exception of the diterpene synthases, are less divergent at the peptide sequence level, i.e. small changes in peptide sequences of the terpene synthase make it possible to synthesize many different terpenoid compounds. Those properties can be explained in the projection of terpene synthases in the SOM. The orders of fragments from the N-to the C-terminus in enzymes are arranged in two clusters t1 and t2 for monoterpene synthases and are arranged into t1, t2 and t5 for sesquiterpene synthases. Thus, monoterpene and sesquiterpene synthases are very similar arrangements of peptide fragments, which is consistent with the similarity of the 3D structures in monoterpene and sesquiterpene synthases (Hyatt et al. 2007 , Negegowda et al. 2008 ) and with the fact that several bifunctional enzymes possess both sesquiterpene and monoterpene synthase activities (Negegowda et al. 2008 , Nieuwenhuizen et al. 2009 ).
Diterpene and triterpene synthases have inherent structures specified by a single cluster t3 for diterpene synthases, and two clusters, t4 and t6, from the N-to C-terminus for triterpene synthases. Kaurene biosynthesis from GGPP is catalyzed by two enzymes: copalyl diphosphate synthase (Class II enzymes), which converts GGPP to CPP, and kaurene synthase (Class I enzymes), which converts CPP to kaurene (Koksal et al. 2011) . Kaurene synthases are highly conserved because most of the fragments of the kaurene synthases were clustered in the t3 region.
Phenylpropanoids represent a highly diverse class of secondary plant metabolites. Flavonoids comprise 9,000 compounds and exhibit a wide range of functions in UV protection, flower coloration, interspecies interaction and plant defense (Martens 2005) ; isoflavonoids comprise 1,600 compounds and are involved in the interactions between plants and their environmental partners (Lapcik 2007) . Fig. 3B shows the distribution of enzyme fragments related to phenylpropanoids, including flavonoids and isoflavonoids, which are mainly clustered in the nine regions p1-p9. These clusters are explained by eight enzyme groups consisting of at least five different proteins originating from different species and duplicated genes in Motorcycle DB. Fragments of enzymes with similar reaction systems have clustered, i.e. two close clusters p1 and p2 are composed of the enzymes associated with CoA, such as chalcone synthase (CHS) and 4-coumarate:CoA ligase (4CL), respectively; cluster p5 consists of two enzymes, flavonoid 3 0 -hydroxylase (F3 0 H) and flavonoid 3 0 ,5 0 -hydroxylase (F3 0 5 0 H); and cluster p8 consists of 2-hydroxyisoflavanone dehydratase (HID) and F3 0 H. Two enzymes F3 0 H and F3 0 5 0 H belong to the subfamilies CYP75B and CYP75A, respectively, and convert two common substrates, naringenin and dihydrokaempferol, to pentahydroxyflavanone and dihydromyricetin in the case of F3 0 5 0 H, and to eriodictyol and dihydroquercetin in the case of F3 0 H (Seitz et al. 2007 ). Cluster p5 consists of the C-terminal half of peptide sequences in F3 0 H and F3 0 5 0 H, which are highly conserved and include an oxygen-binding pocket motif, EXXR motif, and a heme-binding domain (Huang et al. 2012) , but the N-terminal half of the peptide sequences in F3 0 H and F3 0 5 0 H is located in different clusters-p8 and p4, respectively-suggesting that different products are associated with the N-terminal peptide sequences. Thus, functional units of proteins can be explained by the BL-SOM of dipeptide frequencies of fragments.
Alkaloids represent a highly diverse secondary metabolite group, whose members are related by the occurrence of a nitrogen atom in a heterocyclic ring; this group consists of 12,000 compounds (Ziegler and Facchini 2008) . Fig. 4B shows the distribution of the fragments related to alkaloid biosynthesis. We obtained three enzyme groups (acetyl-, O-methyl-and N-methyl transferases) consisting of at least five different proteins originating from different species and duplicated genes in Motorcycle DB (Fig. 4A) . The fragments of individual types of transferases are clustered in specific regions, i.,e. acetyl-methyl transferases are mainly clustered into two clusters a1 and a2 shown in Fig. 4 , O-methyl transferases are in two clusters a3 and a4, and N-methyl transferases are in cluster a5. N-Methyl transferases play roles in the biosynthesis of a wide variety of alkaloid compounds. Biosynthetic pathways are divergent because the starting substrates are different in individual alkaloid groups, e.g. geraniol in monoterpenoid indole alkaloids, L-DOPA in benzylisoquinoline alkaloids, ornithine in tropane alkaloids, xanthosine in purine alkaloids, and spermidine and putrescine in pyrrolizidine alkaloids, and the many classes of alkaloids have a unique biosynthetic origin (Ziegler and Facchini 2008) . There is no common cyclase system in alkaloid biosynthesis as represented in the terpene synthases, but modification enzymes Enzyme diversity in secondary metabolic pathways including transferases are utilized in different types of alkaloid biosynthesis. Of them, the fundamental structures of transferases obtained in the SOM are closely related through biosynthetic pathways associated with divergent transferases. CYPs form one of the largest families of plant genes. They are associated with secondary metabolic pathways, and catalyze a wide variety of oxygenation/hydroxylation reactions that require molecular oxygen and are dependent on electron transfer from NADPH via NADPH-P450 reductase. They also participate in a variety of biochemical pathways to produce secondary metabolites such as phenylpropanoids, alkaloids, terpenoids, cyanogenic glycosides and glucosinolates to play roles in the synthesis of lignin components, UV protectants, pigments, defense compounds, hormones and oxygenated fatty acids for cutins and suberins (Schuler and Werck-Reichhart 2003, Mizutani and . Fig. 5 shows the distribution of CYP fragments whose reactions in secondary metabolic pathways are known. The distribution indicates that the CYP family is very divergent in the case of CYPs whose reactions are known. Fig. 5B shows six clusters with the largest occurrences of fragments. Those six clusters are explained by five of 11 clans in land plants (Nelson and Werck-Reichhart 2011) , i.e. two clusters c1 and c2 mainly consist of CYPs belonging to clan 72, and four clusters c3-c6 consist of CYPs belonging to clan 71. The diversity of secondary metabolic enzymes belonging to a certain group can be estimated by the ratio of the number of lattice points occupied by fragments to the number of fragments, L/F. In the case of divergent enzyme groups, L/F becomes large because the number of lattice points occupied by the fragments increases. In the construction process of the SOM, the L/F value is 0.087 (= 425,700/4,892,003) as shown in Table 2 . Most secondary metabolic enzyme groups are more divergent in comparison with the background protein data, especially enzyme groups belonging to phenylpropanoid and terpenoid synthesis, i.e. phenylalanine ammonia lyase (0.577), chalcone synthase (0.560), dihydroflavonol 4-reductase (0.495) and diterpene synthases (0.450) are highly divergent and these play especially important roles for creating diverse secondary metabolites.
Conclusion
In the present study, we indicate that the diversity of secondary metabolic enzymes can be derived from data mining techniques, e.g. BL-SOMs, which can be applicable to big data and DBs systematized in view of secondary metabolic reactions (KNApSAcK Motorcycle DB). Biology, like most scientific disciplines, is in an era of accelerated information gathering, and scientists increasingly depend on the availability of large amounts of data such as nucleotide and protein sequences, gene expression, dynamics of metabolites, and so on. The central question is whether scientists can deduce the diversity of proteins on Earth and how systems and whole organisms work from this torrent of molecular data. To make progress in this situation, data-intensive approaches are needed for systematizing peptide sequences, such as the use of BL-SOMs with oligopeptide frequencies. Big data have become an inevitable part of biology and the era of clarifying laws of nature from big data analysis has arrived.
Materials and Methods

SOM construction of peptide sequences
To compare diversities of secondary metabolism enzymes using BL-SOMs, we initially made a SOM reflecting the diversity of 
BL-SOM
We propose a BL-SOM for genome informatics, which makes it possible to make a SOM independent of the order of data input (Kanaya et al. 2001) . BL-SOMs are applied to big data, such as DNA/protein sequence data, for clustering genes precisely (Kanaya et al. 2001 , Abe et al. 2009 ), and genome-wide expression data to detect genes with similar expression profiles (Hirai et al. 2004) . In the present study, we applied a SOM to classify 4,892,003 training peptide fragments by constructing vectors for the fragments based on their dipeptide frequencies. The initial weight vectors denoted by w ij , where i and j represent lattice points in a 2D arrangement of weight vectors, are determined by PCA to ensure reproducibility of the map. The number of lattice points in the first dimension was set tentatively at 900. Then the number of lattice points in the second axis was determined to be 473 according to the ratio of variance in the second to the first component in the PCA.
In the learning process, all the input vectors (x k , k = 1, 2, . . . 
Here, the components of set S st are the input vectors classified as w st , satisfying i -b(r) s i + b(r) and j -b(r) t j + b(r) in rth cycle, and N st denotes the cardinality of S st . The two parameters are set as follows: a(r) = max{0.01, a(1)(1 -r/ T)} and b(r) = max{0, b(1) -r}. Here, T is the number of cycles, set to I/4 + 20, and the parameters for the initial cycle are set to a(1) = 0.5, b(1) = I/4 (where I = 900). Details are explained in a previous paper (Kanaya et al. 2001) . After optimization of the weight vectors, the fragment sequences for targeted enzymes were classified by the individual weight vectors closest to them. 
